| ecture 15: More diffusion

CS 5788: Introduction to Generative Models

Many figures and most explanation from [Ho et al., “DDPM”, 2020]









Today

® Probabilistic model tor ditfusion
® \Where does the denoising loss come from?
® Speeding up diffusion models



PS3: diffusion models and normalizing tlow

® Normalizing flow model (RealNVP)

o] jole lel o=

® Diffusion models




Recall: denoising diffusion probabilistic models (DDPMs
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In a previous class, we gave an intuitive description of diffusion models
as denoisers. Let's look more carefully into why they work.

Example source: Aditya Ramesh



Physical motivation for diffusion

Heat Diffusion

Source: Angjoo Kanazawa



Physical motivation for diffusion

Reversing the process

Source: Angjoo Kanazawa ldea in Song et al. Score-Based Generative Modeling through Stochastic Differential Equations 2021
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Manifold of cat images

Random images
Slide source: N. Snavely & S. Seitz
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Nolse-to-cat

direction is hard

Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz
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The opposite (cats

to noise) is easy

Manifold of cat images

Random images

N. Snavely & S. Seitz

Slide source



Manifold of cat images

Random images

N. Snavely & S. Seitz

Slide source
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Manifold of cat

Random images

N. Snavely & S. Seitz

Slide source
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Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz



Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz



Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz



Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz



Manifold of cat images

Random images

Slide source: N. Snavely & S. Seitz



Denoising diftusion neural network

L]

Diffusion

neural
network

A basic diffusion approach will run this denoising
for many timesteps (e.g., T = 1000 steps

Slide source: N. Snavely & S. Seitz



Recall: training a diffusion model

Po (Xt—1|Xt)

Algorithm 1 Training

1. repeat
2. Xg ~ C_I(X()
3: t ~ Uniform({1,...,7T}
4: € ~ N(0,1
5: Take gradient descent step on
Vo ||E—€9 LTS 1 — ae,t
6: until converged

2

Figure from [J. Ho et al, "'DDPM", 2020]
Adapted from Liyue Shen




Recall: sampling from a diffusion model

po(Xt—1|Xt)
> >
oo P
Q(Xt|xt—1)
Algorithm 2 Sampling

1: XT Y N(O, I)

2: fort=71,...,1do

3: z~N(0,I)ift >1,elsez =20

4: X1 = \/LT (Xt \}f_o‘gt GQ(Xtat)) T OtZ

5: end for

6: return X

Figure from [J. Ho et al, "'DDPM", 2020]
Adapted from Liyue Shen




Why does this work?



Diffusion model formulation

@ Do (Xt—1 |Xt @

~ ,
-
T e -

Xt‘Xt—l

® Forward process (adding noise and scaling):
x| x,_) = N(X; \/7Xt_1, 1 —a)l)

e Coefticients a, define a schedule (typically these are
fixed and hand-chosen).



Diffusion model formulation

Peo Xt—1|Xt

K P

~ ,
-y -
-_— s -

q Xt‘Xt—l

® Backwards process (removing noise and scaling):
PoX,_1 | X) = N (X,_1; o(X;s 1), 2p(X,))

® | earned and usually parametrized by a neural net.

® For simplicity, can set 2,(x) = (1 — a)I



Why does this work?

® How do we train this model?

® \Why does this probabilistic model lead to the denoising
approach that we motivated at the beginning of class?



Preliminaries: Markov chains

@ e

~ ,
-y -
-— e =

q Xt‘Xt—l

® Both p,and g have the Markov property. The current state

depends only on previous state.
® |n other words, knowing the earlier history doesn’t help!

¢ Q(Xt ‘ Xt—l) — (Xt ‘ X1, Xo, '°°3Xt—1)
® po(X,_1 | X)) = po(X,_y | X Xp_y, -0, X,



Preliminaries: Markov chains

@ Po\X¢—1 |Xt

~ ,
® ~y -
-— e =

q Xt‘Xt—l

® Conseqguently, the densities factorize:

T
Po(Xo.7) = P(Xgs X5 -+, X7) = (XT)HPH(Xt—l | X))

=1

T
and q(XO:T) — (XO, Xla SO XT) — (XO)HQ(Xt ‘ Xt—l)

=1

® \Why doesn’t p(x;) depend on 67



The forward process

® |f we wantto compute X, from X, we can do it incrementally
* X, ~ q(X; | Xp)
X, ~ q(X, | X))

), Q(Xt ‘ Xt—l)



The forward process

@ Po\X¢—1 |Xt

~ ,
® ~y -
-_— s -

q Xt‘Xt—l

® But since g is Gaussian, we can also jump directly from X, in a single step:

\ﬁtxt_l +4/1 —a,e, fore = N (0,])

Ay

Theretore:

(X; | Xo) = N (X5 y/aXo, (1 = @)l
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Adapted from V. Kuleshov



How do we train the model?



Analogy to variational autoencoder
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Encoder Decoder

(r(x), Z(x)) X = D(z)

® Encoder net defines a distribution overz: g(z | xX) = (ﬂ(x), E(x)).
® Decoder net defines a distribution over x: p(x | z) = /V(}A(, I).



Analogy to VAEs

® Latentsare Z = (X{, Xy, ..., X7)
® The “encoder” g(X,.7 | Xy) is hand-defined and not learned.

Peo Xt—l‘Xt)
K\ P

-—

-_— s -

q Xt\Xt—l

Figure from [J. Ho et al, "'DDPM", 2020]



Analogy to VAEs

¢ Observed data: X
® The decoder is py, hierarchically decoding each X..

@ Po Xt—l‘Xt
K. ’

//
\\ -

-_— s -

q Xt\Xt—l

Figure from [J. Ho et al, "'DDPM", 2020]



log p(x)

Recall: evidence lower bound

log/p(x, z) dz

“‘
.

log/q(z \ X) p(x.2) dz




Fvidence lower bouna
log/p(x, z) dz
p(X, z)
log/q(z | X) (2 | %) dz

/q(z | X) log p(X’ Z) dz by Jensen’s inequality
q(z | x)

pPo (Xv Z)_

q(z | x)

log p(x)

[V

g |log




What is the ELBO for diffusion models?

ﬂ po (X, z
log(pe(x0)) = E, |log
: z | X alternative notation
— JK lnge XO?Xl?"‘7XT TR 10g pe XO:T
= E, - E,
X17°'°7XT|XO i XlzT\Xo




FLBO for diffusion models

~ p9 X7Z
log(pe(x0)) = E, |log
: Z | X alternative notation
— JK 1ng0 XO?Xl?"'7XT TR 10g pQ XOT
= E, - E,
le--->XT|XO i XlzT\Xo
% |1 Zl Po\X¢—1 | X+ Markov
— Fa |0BPIXT) T 05 X; | X property
>1 { t—1

Po Xt—ﬂXt)
e o o > v e e

K P




FLBO for diffusion models

X1 | X
log(pe(xg)) > O log p(xT) ZlOg Po(Xt—1 | X¢)

In PS3, you'll rewrite this as follows, through simple algebraic
manipulation and using the Markov property:

/\

—log(pe(x0)) <

e | Dxn(q(x1 | x0) || p(x7)) + ZDKL(CI(Xt—l | X¢,%0) || po(Xt—1 | x¢)) — log(pe(xo | x1))




FLBO for diffusion models

“log(pe(xy)) < doesnt depend on 6!

.

g | Dx(q(x7 | %0) || p(x7)) + ZDKL(Q(Xt—l | X¢,%X0) || po(Xt—1 | X¢)) — log(pe (%0 | x1))

.
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probability of true example
given model’s “best guess” X,

Adapted from V. Kuleshov




FLBO for diffusion models

/\

—log(pe(x0)) <
Lt—l

Cq | Dx(q(x7 | x0) || p(x7)) + ZDKL(Q(Xt—l | X¢,%0) || po(Xt—1 | X¢)) — log(pe (X0 | X1))

.
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key term: how does the learned backwara
orocess match the true backward process?

Adapted from V. Kuleshov




FLBO for diffusion models

our mode




FLBO for diffusion models

Let's look more closely at this term:

'ZDKL G\ Xt—1 | Xty X0 H Po{X¢—1 | Xt
t>1

® |[f we knew the clean image and the current noisy image, what's the
denoised image?
® There's no learning. We can analytically derive this!

po (Xt _1]%¢)
K /

~
\———’

q Xt‘Xt—l



FLBO for diffusion models

Let's look more closely at this term:

.ZDKL((](Xt_l ‘ Xt,X()) H pQ(Xt—l | Xt))
t>1

We know that g(X, | X,_;) is Gaussian. But g(x,_; | X,, X) is Gaussian, too!

We can show:

q(X¢—1|%¢,%0) = N (X¢—1; ity (X¢, X0), BtI)
VO — 15t | Vor(l —ag—1) ~ I — o

where “’t(XthO) = 1 — &, | 1 — &, Xt and 575 = 1 — & 575

Source: [J. Ho et al, "DDPM”, 2020]



FLBO for diffusion models

So, this means that: per-timestep
neural net constant

> Dxw(axe—1 | xe,%0) || polxe-1 | x0)) Lo
t~1 Gaussian also Gaussian (we ‘/’/(ﬂé’(xt)’ O; I)

defined it that way)

We know the KL divergence between two Gaussians:
1
D (N (i 07D | N po071) = 55 | =k |

Using this fact, we can obtain a squared loss:

|
DKL(q(Xt—l | Xt’ XO) ” pH(Xt—l | Xt)) — —g 7 52 H”t(xta X()) _ﬂg(Xt, t)“z + C
4




A squared loss

So, this means that:

'ZDKL(C](Xt—l | X¢,%X0) || po(Xt—1 | X¢t))
t>1
recall: weighted sum of X, and X,

1 :
— '~ A H”t(Xp X()) ”Q(Xta t) HZ + C

207
N QY 1/6 \/ X 1—0_6_1 ~ 1 —
py(Xt, X0) = \/1 X - ! — )Xt and [ = . 15t
— QU 1—Oét 1_0575

Source: [J. Ho et al, "DDPM”, 2020]



Recall: in practice, we can predict the noise itselt

an
Diffusion

neural
network




Simplitying the loss

't we parameterize the model as a noise predictor: €,(X,, t), then
through algebraic manipulation, we can show:

1
DKL(Q(Xt—l | Xta X()) ” pH(Xt—l ‘ Xt)) — ~q lzaz ”ﬂt(xta X()) _”H(Xp t)‘lzl +C
4

scale determined by £
pure noise X,
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For image generation, people often set A, = 1, which empirically

seems to produce better results. This loss is often called Ly,



Revisiting assumptions



Does the noise distribution need to be Gaussian?
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You can derive models that use other distributions (e.g., blurring).
[Rissanen et al., 2023]
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Do you need to predict the noise?

iInput

'''''''''
i~ - :
'''''''
BN T . et
PN LYY SN
Ml = VNS

Image
manifold

Recent work suggests that predicting the clean example has
advantages, since the output space lies in a clean image manitold
(whereas with noise, there is no structure).

Source: [Li & He, Back to Basics: Let Denoising Generative Models Denoise, 2026]



Do we need to condition on ¢?

NNg VS. NNy
, l
Target Target

You can often do just as well without explicitly conditioning on t. This makes
sense, because you can often denoise images without knowing exactly how
much noise was added in practice.

Source: [Sun et al,, “Is Noise Conditioning Necessary for Denoising Generative Models?”, 2025]



Do we need to add noise in each reverse step?

aa—a @6

q(z3|To, ) T q(22|21, 20)

(332\331)

Markovian noise non-Markovian noise

Use forward process (DDIM) defined as:
) MV 521>

q(Xt—l ‘XZ"XO)_ (\/O[t 1XO+\/1—C¥t l_dt \/1 — s Uy
_at

Setting 6, = 0 results in a deterministic reverse process.
Can be used out-of-the-box with an existing DDPM model.
[Song et al., "DDIM", 2022]



Speeding up diffusion models



Problem: generating a data point requires T steps.
This is different from GANs and VAEs, which are “single step”.

Algorithm 2 Sampling

l: x71 NN(O,I)
cfort=71,...,1do
. z~N(0,I)ift > 1,elsez=0

2
3
4: X411 = \/z—t (Xt \}f_o‘;t EQ(Xtat)) + OtZ
5
6

. end for
. return Xp




Skipping steps

Denoising Process with Uni-modal Normal Distribution

Requires more complicated functional approximators!

Slide source: Kreis et al., via Murphy PMLAT book.



Distilling multiple steps into a new moaei

e

Z3/4 — f(z1;m)-

Z) /2 — f(Z3/4; )

Z]/4 — f(Zl/z; 1)

X = f(Zl/4;77)<

c

Distillatio>

N4

Distillatio>

X

E

\

Distinatio> >x = f(z1;0)

N
X

Figure source: [Salimans and Ho, 2022]



Distilling intermediate steps using a GAN

8 € Tstudent = {Tl, .o Tn}

t = Tteacher — {1, . 1000}
e, e ~ N(0,[I])

2
d(z,y) distance metric e.g. |z — yll3

adversarial loss

oo n WA IO PIRNERS L ' 6 | real

r /fake

Discriminator

o AT Ly
T it .
g maah Lo SR
T N e 1T
Ny el MRl |
b T ey LN N
< o - M.
L o Tl S Y g™ S A =
R B Pt o P 3 I L b Ly

R A SR R, 4 distillation loss
Ts = Qo + O€ ADD-student To(xs,s)
JE : S c(t)d(Ee, Ey)
S T \/ AN stop grad
(1
Lot = Oy + o€ DM-teacher Zy(Zo4,t)

Figure source: [Sauer et al., "“Adversarial Diffusion Distillation”, 2023]



Distilling intermediate steps using a GAN

“A brain riding a rocketship heading “A bald eagle made of chocolate powder,
towards the moon.” mango, and whipped cream” “A blue colored dog.”

2 steps 1 step

4 steps

Figure source: [Sauer et al., "“Adversarial Diffusion Distillation”, 2023]



Dimensionality reduction

59



Multiscale (cascaded) generation.

Text “A Golden Retriever dog wearing a blue
+ checkered beret and red dotted turtleneck.”

Frozen Text Encoder

Text Embedding

\ 4

Text-to-Image
Diffusion Model

164 X 64 Image

Super-Resolution
Diffusion Model

256 X 256 Image

Y

Super-Resolution
Diffusion Model

|

1024 x 1024 Image

Figure source: [Saharia et al., “Imagen”, 2022], via Murphy PMLAT



| atent diffusion models

® Use a separate encoder and decoder to convert images to and from a
lower-dimensional latent space, run diffusion in latent space.

® | owers input dimensionality, so everything runs faster.

® Another benefit: can design the space to focus on more on
‘perceptually important” details.
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[ atent data

R. Rombach et al. High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022

Figure source
Slide source: S. Lazebnik.



https://arxiv.org/pdf/2112.10752.pdf
https://medium.com/@steinsfu/stable-diffusion-clearly-explained-ed008044e07e

| atent space: Patch VAE + adversarial loss

Codebook % real/fake
flr | f [T
: f | f|r | f
= 1 r | f|r | f
flr|r|r

CNN
Discriminator

CNN
Decoder

‘ e CNN
-\ T Encoder

= oY |

|

I \
» £ N KT
[_41 |}c;

(quantization not typically performed since diffusion is continuous)

[Esser et al., "VO-GAN" 2021]



Next class: tflow matching



